ABSTRACT Since the characteristics of the incipient faults for the rolling bearing under the sectional jumping speed are difficult to be extracted, the conventional fault diagnostic approaches usually with poor monitoring performance and low diagnostic accuracy (i.e., the ratio of samples correctly classified to total samples). This paper proposes a novel cooperative diagnostic approach for the incipient faults of the rolling bearing based on the optimized local mean decomposition (LMD) and support vector machine (SVM). First, to resolve the problem of selecting the appropriate number of product function (PF) components, an optimally weighted fusion model of PF components is established by introducing a genetic algorithm, aiming to maximize the correlation with the original incipient fault signal. Besides, in this model, a novel rule is set to calculate the weight coefficients of fusion. Second, considering the sparsity of the incipient fault characteristics caused by the sectional jumping speed, from the perspective of energy distribution, a novel characteristic extraction model is constructed based on the equal interval energy projection. This characteristic extraction model can correctly extract the fault characteristics and effectively eliminate redundant information. Moreover, the SVM has collaborated with the above-mentioned characteristic extraction model to diagnosis incipient faults. Finally, the effectiveness and correctness of the proposed approach are verified by the experimental simulation results. The comparison and analysis show that the proposed algorithm cannot only correctly extract fault characteristics but also have a high accuracy of fault characteristics recognition with good operability and scalability.
I. INTRODUCTION
As one of the key components to ensure the normal operation of mechanical equipment, the safety monitoring of rolling bearings has been paid great attention by industry and academia. However, if slight abnormalities occurred in the running state of the bearing, such as early pitting, spalling, cracking, micro-wear and other incipient faults, the fault information is not obvious and hard to be detected. Because of this, it brings great obstacles to fault detection of bearing in
The associate editor coordinating the review of this manuscript and approving it for publication was Zhenbao Liu. real time. Therefore, for incipient fault, constructing an accurate and effective mechanism for characteristic extraction and diagnosis to ensure the safe operation of bearings is of the greatest concern [1] - [3] .
In recent years, domestic and overseas scholars have done extensive research on characteristic extraction and diagnosis of incipient fault for rolling bearings. It is well known that most of the research focuses on signal processing field, including wavelet transform, the empirical mode decomposition (EMD) method and spectral analysis [4] . The signal processing algorithms are widely employed because of their simplicity, but there are still many shortcomings.
For example, when the wavelet transform is used for incipient fault diagnosis, the weak fault characteristic can be extracted, but the results mainly depend on the selection of decomposition level and threshold. In another word, if the decomposition level and the selection of threshold are not appropriate, the ideal filtering effect of wavelet is difficult to be achieved [5] - [7] . Similarly, spectrum analysis can extract early fault information from frequency angle with high reliability for the incipient fault diagnosis. However, in this technology, rich prior knowledge is needed, which makes it difficult to guarantee the real-time performance of recognition [8] , [9] . Based on the above schemes, the EMD has widely been used for the fault diagnosis of bearings [10] . Although the EMD algorithm adopts the characteristics of frequency domain segmentation, it is actually a binary filter bank. Owing to this, the processing precision of signal is always affected by the center and bandwidth of the fault signal. If the correlation band of fault signal is in the first decomposed component, there may be strong interference because the band of the component is too wide. Conversely, if the fault correlation band is in the higher order decomposed components, the important fault characteristic may be omitted because the band of the components is too narrow [11] , [12] . Obviously, this shortcoming presented above will lead to modal confusion and application dilemma.
Significantly, the vibration signal of rolling bearings with incipient faults always is nonlinear and non-stationary in the actual environment. Thus, the EMD is widely used for bearing diagnosing. Unfortunately, the endpoint effect of EMD in the decomposition of the fault signal will affect the characteristics extraction and the diagnosis accuracy of incipient faults. To solve this problem, from the perspective of refining the local characteristic, the local mean decomposition (LMD) algorithm has been proposed based on the basic framework of EMD algorithm [13] . Because it can more effectively deal with nonlinear and non-stationary signals, LMD algorithm has been commonly applied to the field of incipient fault diagnosis [14] , [15] . Regrettably, although LMD algorithm can remedy the defects of EMD to some extent, there is a trade-off of PF components selection: selecting too many PF components is easy to cause high computational burden and redundant information; oppositely, if too few PF components are selected, the important information of incipient faults may be omitted. To reduce this problem, [16] and [17] have developed a selection strategy of PF components according to correlation coefficient. Through this scheme, the number of the PF components can be selected, but the threshold of the correlation coefficient is difficult to determine. In practice, the selection of PF component directly affects the correctness of characteristic extraction and the accuracy of fault diagnosis.
In order to automatically select suitable number of PF components, a novel optimally weighted fusion model of PF components is built in this paper. In this model, the genetic algorithm is introduced to select the number of PF components for weighted fusion. Furthermore, for maximizing the correlation between the weighted reconstruction and the original signal, a novel rule for calculating weight coefficients of weighted fusion is established for further characteristics extraction.
On the basis of weighted fusion for PF components, characteristics extraction of the weighted reconstruction is essential to be carried out. Remarkably, the rotational speed of bearings is often unsteady and constantly changing in actual working conditions. How to correctly extract the fault characteristics of bearings under variable rotational speed has gradually become one of the hot topics in the field of industry. Hence, some scholars have initially explored the characteristic extraction and identification of major fault under variable speed [18] , [19] . Note that the fault characteristic is not obvious at the early stage, which is difficultly detected in practice. It is natural to think that the characteristics extraction and identification methods for major fault have some limitations in the identification and diagnosis of incipient fault. Specifically, the modal confusion of fault characteristics is more serious under the influence of variable speed. Logically, the detection of the incipient faults becomes especially difficult under the variable speed. To explore this problem, the speed is assumed as sectional jumping speed to reduce the complexity of incipient fault diagnosis under continuously changeable speed. For this case, a novel characteristics extraction model of incipient fault is built. In this model, to reduce the influence of sectional jumping speed on characteristics, the equal interval energy projection is introduced. Besides, because faults are generally reflected in signal impulse, a novel rule for screening characteristics is proposed based on the above characteristic extraction model.
Based on the above analysis, the characteristics extraction model has been constructed. Moreover, to ensure the classification accuracy in the case of small samples, the support vector machine (SVM) is used for identification of faults characteristics. The above discussion is considered as the preliminary exploration of incipient fault diagnosis under continuous variable speed.
The remainder of this paper is organized as follows: Section 2 briefly reviews the technical supports, of LMD algorithm. Section 3 details the optimized PF reconstruction model by genetic algorithm. The model of characteristics extraction is constructed and the diagnosis framework of incipient fault is defined in Section 4. The effectiveness and advantages of proposed diagnosis algorithm are demonstrated on real datasets in Section 5. Section 6 concludes this work with further remarks.
II. THE BASIC PRINCIPLE OF LMD ALGORTIHM
Due to the complexity and flexibility of the actual condition, the vibration signal of incipient faults for rolling bearings is nonlinear and non-stationary. While LMD algorithm is an improved algorithm of EMD algorithm, so the decomposing precision of LMD algorithm is higher than EMD. Thus, LMD is widely applied to decomposing the vibration signal of incipient faults in recent years. In fact, for the adaptively decomposition of non-stationary and nonlinear vibration signal, the LMD algorithm is used to separate the frequency modulation signal and envelope signal from the original signal, and then a series of PF components is obtained. The adaptive decomposition of the original signal by LMD is an essential step for effective characteristic extraction and accurate identification of incipient faults.
Combing with the practice, the specific steps of LMD algorithm for the vibration signal X (t) of incipient fault are as follows:
Step 1: To find out all the local extremums n of the original signal X (t) and calculate the average value m of the two adjacently extreme points, namely n i and n i+1 .
Based on above results, the average values of the two adjacent extremums are connected by a straight line and smoothed by the moving average method to obtain the local mean function m pi (t).
Step 2: Compute envelope estimates a i by local extreme point as follows:
Similarly, the envelope estimates are smoothed to obtain the envelope estimation function a pi (t) by the moving average method.
Step 3: The local mean function m pi (t) is separated from the original signal X (t), which is shown as below:
Step 4: The demodulation of the envelope estimation function a pi (t) is performed by the following formula:
Step 5: The envelope signals are obtained by multiplying all the envelope estimation functions generated in the iterative process, which is expressed as follows:
Step 6: The pth PF component can be obtained by multiplying the envelope signal a p (t) with the pure frequency modulation signal s pn (t) which is expressed as following formula:
Obviously, the PF components contain the highest frequency of the original signal, which is an amplitudemodulated and frequency-modulated single component, where the instantaneous frequency can be obtained by the following formula:
Step 7: Similarly, the original signal is decomposed into many PF components, which is abstracted as follows:
where, u(t) is the residual which represents the trend of the original signal and y(t) is the reconstructed signal. According to the above decomposing steps, the original signal can be adaptively decomposed into a series of PF components and the residual component by LMD algorithm. It is obvious that, in the decomposition and reconstruction of the vibration signal, the LMD algorithm can make up for the defects of end effect and mode confusing to a certain extent. However, it should be noted that there are false components in the PF components due to the environmental noise and decomposition error. Concretely, if the number of the selected PF components is not enough, it is easy to leak out useful information, resulting in incomplete characteristic extraction; if too many PF components are selected, the false fault information and useful fault information will be mixed which severely affect the diagnosis result for incipient fault. Hence, to extract the incipient faults characteristic better, constructing a reasonable reconstruction and selection mechanism of PF components in the vibration signal decomposition for incipient faults is a key issue. Next, detailed analysis and discussion will be carried out on this key difficulty.
III. OPTIMIZED PF RECONSTRUCTION MODEL BASED ON GENETIC ALGORITHM
In the process of actual diagnosis, it is extremely difficult to achieve the adaptively optimal selection of the PF components. Therefore, the genetic algorithm is used for optimal and automatic selection of the PF components. In this way, the correlation between the weighted reconstruction and the original signal is maximized, the irrelevant information is weakened and the useful information is enhanced to ensure the correctness of characteristic extraction for incipient faults.
In a nutshell, to maximize the correlation between reconstructed signal and original signal, the optimization objective function of PF components is built as follows:
where, L presents the number of PF components to be optimized by genetic algorithm, and PF opt i is the optimized reconstruction obtained by the i th weighted fusion.
where, M represents the number of the PF components selected by genetic algorithm, and w j represents the weight coefficient of the jth PF component. Clearly, according to theoretical analysis, the optimization and reconstruction of the PF components is closely related to the weight coefficient w j . So how to obtain the weight coefficient w j is one of the crucial steps in the optimization of the PF components.
Generally, there are mainly two ways to get weight coefficients at present.
(1) Calculate weight coefficient by correlation coefficients The correlation coefficients reflect the degree of approximation between each PF component and the original signal. That is, the correlation coefficient is the approximation of the information contained in the original signal for incipient fault. The greater the correlation coefficient, the higher the similarity with the original signal; on the contrary, the difference is greater.
The correlation coefficient is calculated as follows:
Accordingly, the weight coefficient based on correlation coefficients is calculated as follows:
(2) Calculate weight coefficient by information entropy The weight obtained by this method is mainly calculated by the amount of information contained and transmitted by each index. The more useful information the index contains, the higher the weight will be given. Information entropy can be used to measure the amount of information, and the information entropy index highlights the local differences of evaluation indicators. For a given signal X (t), the ith characteristic weight is expressed as follows:
The information entropy of ith index is defined as follows:
Hence, the weight calculation model based on information entropy is established as follows:
In effect, the both methods have their own advantages. The weight coefficient calculation method based on the correlation has reflected the correlation between PF components and the original signal; the weight coefficient calculation method based on information entropy has measured the amount of information carried by each PF component.
However, in the diagnosis of incipient fault, if weight coefficient calculated by single method is used for weighting, there will be the omission of useful information and redundancy of useless information. For this, the various influential factors of PF components need to be taken into account in the decomposition and reconstruction for incipient fault vibration signal. Naturally, to synthetically evaluate the importance of PF components, the fused computational methodology is introduced to get the weight coefficient for ensuring the optimal reconstruction is closer to the actual value.
Consequently, on the basis of comprehensively considering various factors, the calculation rule of the weight coefficient is set as rule 1 for the selection of PF components by genetic algorithm.
Rule 1: Integratedly considering the correlation and the amount of information carried by PF, the weight of each PF is set to the fusion of weight obtained by correlation coefficient and information entropy.
According to rule 1, the weight is calculated as follows:
Based on (16), the objective function can be abbreviated as follows:
Specially, in accordance with (16) , the fitness function of genetic optimization for PF selection is designed as follows:
where, T is the number of individuals. In summary, the selection and reconstruction of PF components by genetic algorithm is designed as follows:
Data: The input is the original signal named as X N ×R , the PF component matrix [PF 1 , PF 2 , · · · , PF n ] obtained by LMD and the weight coefficient matrix w. The output is the number of reconstructed PF components denoted as M which is selected by genetic algorithm (when the first M PF components are selected, the correlation between the original signal and PF opt is the greatest).
Step 1: Parameters initialization a) The initialization population is a random matrix c T ×E . Where, T is the number of individuals, E represents the number of binary genes; b) Set the number of cycles as G = 100;
Step 2: The fitness value of each group is calculated by the fitness function (17) .
Step 3: The selection probability is calculated by using the fitness values obtained by the step 2 to complete the selection, crossover and mutation.
Step 4: For new individuals who have selected, crossed and mutated, when the correlation coefficient between the output and the original signal calculated by (9) is the maximum, the number of the selected PF components and the weighting reconstruction signal PF opt i calculated by (10) -(17) will be output.
IV. FAULT DIAGNOSIS OF INCIPIENT FAULTS FOR BEARINGS BASED ON EQUAL INTERVAL ENERGY PROJECTION AND SVM
Bearing is one of the most frequently used equipment in industry, so the safety and health monitoring of bearing is the premise to ensure the orderly operation in practice. It is worth noticing that the confusion of the characteristics for different incipient faults is especially serious, because the characteristics of same incipient fault are different under sectional jumping speed and the amplitude of the incipient fault is low. In this case, how to ensure the accurate extraction of incipient fault characteristics for bearings becomes one of the difficulties in diagnosing incipient faults for bearings.
Aiming at the difficulties of characteristics extraction for incipient faults under this rotational speed, on the basis of the optimized reconstruction of PF components by genetic algorithm, the equal interval energy projection method is employed to construct the characteristics extraction model of incipient fault from the angle of energy distribution, which can effectively eliminate the difference of characteristic for the same incipient fault caused by the variable speed to ensure the availability of characteristic extraction. Moreover, considering the shortcomings of too few characteristic samples, together with the superiority of SVM in accurately identifying the small characteristics sample, a cooperative diagnosis approach of incipient faults for rolling bearings is developed to realize the diagnosis and identification of incipient faults for rolling bearings.
A. CHARACTERISTIC EXTRACTION BY EQUAL INTERVAL ENERGY PROJECTION
The envelope spectrum energy of different incipient faults is different, so it is always used as the initial characteristics for later screening in engineering. However, the existent problem is that if all the envelope spectrum energy is used as characteristic for diagnosis, the existing redundant interference will seriously affect the recognition accuracy. In addition, the spatial-temporal distribution of the characteristics for the same incipient fault is different and not uniform under sectional jumping speed. Therefore, from the perspective of energy, the useful information of incipient fault characteristics will be mixed with redundant interference and not uniformed caused by the above reasons. In this case, the diagnosis accuracy of incipient faults cannot fully satisfy the practical needs which is to be further improved. Justly, the equal interval energy projection can make full use of the equal interval to eliminate the influence of the speed, which can make up for this defect to improve the classification accuracy. The basic ideas are shown as follows. First, Fourier transform of H 1 (t) is conducted to obtain envelope spectrum signal, which is expressed as follows:
Second, because the envelope spectrum energy is concentrated in a certain range, in order to avoid the cumbersome calculation and redundant information, the frequency band which contains most energy is selected for characteristic extraction, that is, the first LE points is selected for projection. Correspondingly, the energy is expressed as follows:
In actual industry, the rotational speed of bearings is not always constant, but it is sectional jump speed. Owing to the characteristics of incipient fault is not obvious and the corresponding characteristics are different in different section, it is an extremely challenging task to diagnose the incipient faults of bearings under the variable speed. To eliminate the influence of this speed, the equal interval projection of energy is proposed, and the interval step is set to LN . The projection energy is expressed as follows:
Further, the rule of characteristic extraction for incipient fault is defined as follows:
Rule 2: Incipient fault characteristic is generally reflected on the peak points of the envelope spectrum, so the coordinate points of the first few maxima are selected as fault characteristics.
The mathematical description of the rule 2 is shown as follows:
where, Des(E) represents E in descending order, and V = [Vi] is eigenvector that is used to store the corresponding coordinates of the first few maxima. The mechanism and model of incipient faults characteristic extraction for rolling bearings with variable speed are established by the above rules. As a result, the incipient faults signal characteristics can be extracted by the constructed model. Then, a reasonable fault diagnosis and identification algorithm will be designed by considering the small characteristics sample.
B. CONSTRUCTION OF COOPERATIVE INCIPIENT FAULTS DIAGNOSIS ALGORITHM UNDER THE SECTIONAL JUMPING SPEED
As is well known, most of the incipient faults of rolling bearings belong to the early fault, and the symptom of fault signal is not obvious; from the point of signal characterization, the diagnosis will be particularly difficult owing to the insufficient characteristics of incipient faults. Consequently, for the recognition accuracy of fault characteristics, small sample problem is also a special concern in engineering. VOLUME 7, 2019 To solve this problem, considering that SVM can accurately identify characteristics of small sample for incipient faults, a cooperative incipient faults diagnosis approach and rule based on weighted fusion and energy projection is designed.
1) THE OVERVIEW OF SVM CLASSIFICATION
In theory, SVM is a two-class classification algorithm. SVM can guarantee better classification accuracy when the number of samples is small. To ensure the accuracy of fault identification, the One Versus Rest (OVR) method is selected for fault characteristics identification. The steps of characteristics recognition by OVR are shown as follows:
Step 1: If the categories of incipient faults are classified into k classes, k binary classifiers are constructed. Among them, the ith classifier will distinguish the ith class and other classes.
Step 2: Construct the sample data which includes training data and test data. When the ith classifier is trained, the ith class is positive and the rest are negative. The training process is expressed as follows:
where, W i is the weight coefficient, X 1i is the training data, and b i is the deviation.
Step 3: By using the weights W i and deviations b i trained in step 2, the test data X 2i is input and the output of the test data is obtained.
Step 4: The g i (X ) of each classifier obtained by step 3 are compared. If the g i (X ) of the ith classifier is the maximum, the test data should be theoretically classified into the ith class. Cleverly, on the foundation of characteristic extraction for incipient faults, SVM is applied to identification of the extracted characteristic of small sample.
2) THE COOPERATIVE INCIPIENT FAULT DIAGONOSIS ALGORITHM BASED ON SVM
According to the above analysis, a cooperative diagnosis algorithm of incipient faults for rolling bearing driven by sectional jumping speed is designed as follows:
Step 1: The PF components are obtained by adaptive decomposition of bearing vibration signals based on LMD algorithm, which is described as (1) -(7).
Step 2: Through genetic optimization, the PF components obtained in step 1 is weighted and reconstructed to obtain the optimal reconstruction PF opt , which is described as (9) - (18) .
Step 3: The energy of PF opt obtained in step 2 is projected in equal intervals which is described as (21), and then the characteristic vector is obtained as (22).
Step 4: SVM is used to recognize the characteristic vector obtained in step 3 and the recognition results are obtained, which is described as (23) -(24). Step 5: According to the comparison between the result of step 4 and the theoretical result, the diagnostic accuracy of this algorithm is calculated.
Step 6: Output diagnostic analysis results. The overall flow of incipient faults diagnosis is as follows:
V. EXAMPLE TEST
To demonstrate the validity and rationality of the designed algorithm, the standard data from the bearing database of the Western Case University is used as the experimental object [20] . The experimental bearing is the deep groove bearing with designation of SKF62052RS JEM, and the parameters of the incipient fault experiments are shown in Table 1 . Where, the sampling frequency is f = 12K , the rotational speeds of the bearing are 1797Rpm, 1772Rpm, 1750Rpm and 1730Rpm respectively. In this experiment, pitting faults of EDM are manufactured on inner ring, outer ring, rolling body, and the fault diameters are 0.1778, 0.3556, and 0.5334 mm respectively. Therefore, the fault with the minimum fault diameter r = 0.1778mm is regarded as the incipient fault. The acquisition equipment platform is shown as below. On the empirical platform, 40 × 12000 fault signal of the inner ring, outer ring and roller is collected respectively. The fault phenomenon is shown in the Figure 3 .
In accordance with the collaborative diagnosis algorithm proposed in this paper, the specific verification results will be rendered in next subsections.
A. THE OBTAINED PF opt BASED ON GENETIC OPTIMIZATION
To avoid information redundancy or omission caused by inappropriate selection of PF components, which leads to low characteristic extraction accuracy and low classification accuracy of SVM, the genetic algorithm is used for the selection of PF components. In the simulation results, the optimal number M is calculated to be 4, the four PF components have been selected for weighted fusion to obtain the PF opt . The correlation coefficient is shown in the Table 2-4.
From Table 2 -4, the correlation between PF opt reconstructed by genetic weighted optimization and original signal is greater than that of PF1 and PF2, which proves the validity of genetic algorithm in selecting PF components and weighted reconstruction.
Further, as a whole, the correlation coefficients between the components and the original signal are calculated which are summarized as Table 5 .
Taking the incipient fault of inner ring as an example, the results of PF opt , PF1 component and original signal are shown as Figure 4 . Clearly, the reconstructed signal PF opt is closer to the original signal in the subtleties, such as the waveform at 30-40 points in Figure 4(d) .
B. THE RESULTS OF CHARACTERISTIC EXTRACTION
In this subsection, to verify the effectiveness of the proposed characteristic extraction model, contrast experiments are performed. To determine LE, the frequency spectrum is simulated as Figure 5 . It can be inferred that the spectrum energy of the faults signal is mainly concentrated in 2000-10000. Moreover, the spectrum is symmetrical. Thus, the envelope spectrum energy length LE = 4000 and projection interval LN = 100. The characteristics of PF1 and PF opt for inner ring are extracted as Figure 6 .
From the Figure 6 , it can be observed that totaling 40 sets of characteristics are extracted. Comparing the (a) and (b), we can find that distance between characteristics for each faults of PF1 is slightly closer than that of PF opt , which proved the effectiveness of the optimization for PF components. 
C. THE RESULTS OF CHARACTERISTIC EXTRACTION EXAMPLE ANALYSIS OF COOPERATIVE DIAGNOSIS FOR INCIPIENT FAULTS
To verity the correctness of the extracted characteristic by the proposed model, the SVM is employed to identify the characteristics. In the simulation, the training data is set to 30 groups, and the test data is set to 10 groups. At the same time, there are three incipient faults, so three classifiers are designed. The test data is diagnosed by the trained weight coefficient W and deviation b, and the output value g(X ) of each classifier is compared. If the maximum value in the output value g(X ) of the classifier is column j of each row, the fault type is classified as class j.
To highlight the superiority of the proposed approach, the contrast experiment is conducted, that is the whole envelope spectrum energy is used for projection. The classification results are represented as following table. From Table 6 , it is obvious that when the whole envelope spectrum energy is used for diagnosis, the accuracy is low. The classification accuracy of PF opt is higher than that of PF1 which verified the function of the optimization of the PF components. Obviously, in practice, the full envelope spectrum energy is not suitable for characteristics extraction of the incipient fault under sectional jumping speed, because the characteristics of the incipient fault are not obvious and easily covered by redundant information. Moreover, owing to the changeable speed, the characteristic of the same incipient fault is greatly different.
To resolve this problem, a novel characteristic extraction method is proposed based on concentrated energy. Then, SVM is used for this characteristic identification. The output of the three classifiers is g(X ) and the input is 40 groups of samples randomly selected from each incipient fault. The diagnosis results in training stage and test phase are as shown in Figure 7 , Table 7 and Table 8 .
In Figure 7 (a) and Table 7 , there are 90 points in training section and all points are correctly classified. Analogously, there are 30 points in test phase and all points accurately identified. In a nutshell, the accuracy of incipient fault diagnosis for rolling bearings in the test and training stages is summarized as Table 9 .
From Table 9 , although the characteristic of PF opt is more accurate than PF1, overall average accuracy of PF1 reaches 100% which proved the superiority of the developed characteristic extraction approach. 
VI. CONCLUSION
This paper has developed a novel diagnosis approach for incipient faults, aiming to explore the solution of difficulty in diagnosing incipient faults of bearings under sectional jumping speed. In the proposed diagnosis approach, an optimizing model for reconstructing the PF components is constructed, and then the characteristic model is proposed. Through the theory analysis and empirical demonstration, the main conclusions are obtained as follows:
(1) The empirical demonstrations have shown that the correlation between the PF and original signal is lower than that of PF opt , which proved the effectiveness of weighted fusion of PF components by genetic algorithm; (2) Examples have shown that the diagnosis accuracy of full frequency energy is considerably lower than that of projection energy, which proved the correctness of weighted fusion of PF components by genetic algorithm; (3) The simulation results have shown that under the full frequency energy, the diagnostic accuracy of PF opt is higher than PF1, which proved effectiveness of the optimization and the correctness of the characteristic extracted by the proposed approach in this paper.
(4) The diagnosis accuracy of the proposed approach is 100%, which verified the effectiveness of the diagnosis method for incipient fault of bearing driven by the sectional jumping speed.
The method developed in this paper meaningfully explored the problem that it is difficult to extract the incipient fault characteristics of rolling bearings driven by sectional jumping speed. It is a preliminary research on the diagnosis of incipient fault under continuously changing rotational speed. However, the adopted algorithms in this paper are just for constant rotational speed, which is difficult to meet the actual engineering requirements. In addition, the endpoint effect and modal confusion caused by LMD was considered in this paper. How to improve the decomposed precision of LMD and thus improve the classification accuracy needs to be further studied and solved. The addressed problems will be the focus of our study in the future.
